Introduction: Fetal heart rate and its variability during the course of gestation have been extensively researched. The overall reduction in heart rate and increase in fetal HRV is associated with fetal growth and the increase in neural integration. The increased complexity of the demands on the cardiovascular system leads to more variation in the temporal course of the heart rate which has been shown to be refl ected in measures of complexity. The aim of this work was to investigate novel complexity measures with respect to their ability to quantify changes over gestational age in individual fetuses consistently and in a stable manner.
INTRODUCTION
The change in fetal heart rate and its variability during the course of gestation has been extensively researched [1] [2] [3] [4] . Increases in fetal Heart Rate Variability (HRV) are associated with fetal growth and are considered to refl ect the in crease in neural integration as the fetus develops. Recent studies have demonstrated that these changes are related to adjustment of activity in the sympathetic and parasympathetic branches of the autonomic nervous sys tem 5, 6 . The development of autonomic inputs on the cardiovascular system permits an increasingly differentiated interaction within organ systems. It has been observed that specifi c fetal activity patterns emerge during gestation. As early as the beginning of the third trimester, different heart rate patterns can be identifi ed 7 . The various patterns are also associated with different effects on fetal HRV 8, 9 .
In a previous study, some of us 1 showed that, beyond known factors such as gestational age or behavioural state, an intra-individual effect on fetal HRV may also be present. In particular, we found that Approximate Entropy (ApEn), a complexity measure, captured individual aspects of HRV well, better than the linear measures we studied. This was the motivation to examine other nonlinear measures in this context. On the one hand, ApEn is very dependent on parameter choice, i.e. dimension m and radius r 10 . Although m (length of sequences) and r (tolerance for accepting matches) are critical in the values of ApEn and SampEn obtained, there is no guideline available to optimize their values. There is considerable skill and technique to citing the correct (optimal) values.
We term three of these new spectral measures "chaotic globals" -high spectral entropy (hsEntropy) DOI: http://dx.doi.org/10.7322/jhgd.119258 "global" since founded on the application of the power spectrum to the whole dataset. This has a number of benefi ts which could be useful here in fetal HRV. For instance, they do not need long datasets such as with previous measures of complexity such as Shannon Entropy 13 and Detrended Fluctuation Analysis (DFA) 14 . This is because more of the information is used in generating these parameters response; only the phase information is lost. This has been proven in previous studies which have investigated the effect of fl exible-pole exercise 15 , diabetes 16 , Chronic Obstructive Pulmonary Disease 17 on these chaotic globals. Standard measures of chaos were outperformed by the chaotic globals and only relied on 256 to 1000 RR beat durations to discriminate between the experimental and control datasets.
A potential pitfall of chaotic globals is that they may not be as sensitive to the data over time as are the time-series methods. There is a trade-off between the nonlinear frequency responsiveness of the spectral techniques; and the sensitivity of the traditional techniques. It is proposed that the lack of sensitivity over time is due to the fact that there is heavy normalisation in the generation of chaotic globals. This normalisation fl attens the response of the parameters. Also, spectral measures based on power spectra have less data points to assess than with time-series methods. Therefore, these spectral techniques may not be as receptive over the gestational age for fetal HRV but may have the potential to outperform standard nonlinear methods.
It is thus the aim of this study to complement the results of the previous study by re-examining the data using further complexity parameters. Additionally to ApEn we examine hsEntropy, hsDFA, sMTM, Shannon Entropy, Sample Entropy (SampEn) 18 and the Standard Deviation (SD). Here, the time-series are for 5 minutes, as recommended by the Task Force of the European Society of Cardiology and the North American Society of Pacing and Electrophysiology 19 . Our hypothesis was that the new spectral measures of complexity would outperform the ApEn, or the similar technique SampEn, with regard to correlating with gestational age. In addition we assessed whether fetal HRV has an individual aspect.
METHODS

Data Acquisition
The data used in this study had been collected in previous studies examining fetal HRV (1, 2) . These studies were approved by the local ethics committee. All mothers, aged 27-39 years, gave written informed consent after verbal and written explanation of the aim of the study and the procedures used.
All mothers were healthy with no history of endocrine, respiratory or cardiovascular disorders. The data sets were selected such that each fetus included had a minimum of ten sets collected over at least ten weeks. Eleven fetuses with a total of 215 heartbeat data sets fulfi lled these criteria.
The data acquisition was from the 16th to 42nd week. For the period between the 19th and 39th week, there were overall at least six data sets available per week of gestation. The children were born on or after the 40th week of gestation with one exception in the 36th week. The maximal gestational interval throughout was 42 weeks. All were born healthy with birth weights ranging from 2.68 to 4.18 kilos Fetal magnetocardiogram (FMCG) data were acquired noninva sively using one of two biomagnetometer sensor systems: either a 37-channel Krenikon (Siemens, Erlangen) or a 67-channel Magnes 1300C (4D Neuroimaging, San Diego). After disposing of any metal ob jects that might cause signal irregularities, the mothers lay in a comfortable supine position on the patient table. The sensor was placed approxi mately 1 cm above the abdomen ensuring that fetal signals were avail able in a number of channels. Data were sampled for 5-10 min at 1 kHz using a band pass of 1-200 Hz. In order to minimize the effect of exter nal noise, all acquisitions were performed in a standard 3-layer shielded room (Vakuumschmelze AK3b, Erlangen).
Pre-processing: selection of time series data
In order to obtain a time-series of the fetal RR interval variability from each data set, the signals were acquired at each recording session using the sampling parameters described above. After noise reduction using software gradiometers, all maternal beats were identifi ed using an appropriate maternal QRS template. A signal-averaged maternal PQRST segment was then digitally subtracted at each beat, resulting in a signal largely free of maternal infl uence. In this signal, all fetal beats were identifi ed to an accuracy of 1 millisecond using an appropriate fetal QRS template in a channel with a high signal-to-noise ratio. Falsely-marked signal abnormalities were manually removed and missed beats were manually added. In each data set, the resulting R-times were used to determine the RR intervals. The fi rst 600 RR intervals , were used in the datasets to be assessed by the six parameters. This amounted to 3.5 -5.0 minutes of data depending on heart rate.
On the basis of time-series of exactly 600 RR beat durations; the Standard Deviation of the RR beat durations was calculated. Furthermore, six complexity measures were determined: Shannon entropy, high spectral Entropy, hsDFA, sMTM, SampEn and ApEn. For the fetal HRV measures we performed regression analysis with respect to gestational age, calculating the slope and y-intercept of the regression as well as the coeffi cient of determination R² as a measure of 'goodness-of-fi t.' This was done for all the data sets com bined as well as for the data of each of the 11 individual subjects.
Complexity Statistics Shannon Entropy:
Shannon entropy 20,21 is defi ned in relation to information theory. A low entropy dataset is highly predictable DOI: http://dx.doi.org/10.7322/jhgd.119258 -whereas a high entropy dataset is less predictable and more disordered. Conversion of macroscopic thermodynamic parameters into microscopic molecular entities is complex. Statistical entropy functions cannot be easily applied or interpreted for living systems. Study in this area has been motivated by analysis of time-series derived from statistical physics 22 .
High Spectral Techniques
A potential criticism in previous studies on diabetes 16 and childhood obesity 23 with respect to chaotic global parameters is that the spectral entropy and spectral Detrended Fluctuation Analysis (sDFA) analysis may be more sensitive if we applied the Shannon entropy and DFA algorithms to the multi-taper method (MTM) spectrum 24 ; rather than the Welch power spectrum 25 . Thus the spectra applied in all three chaotic global parameters would correspond. MTM 24, 26 is useful for spectral estimation and signal reconstruction, of a time-series of a spectrum that may contain broadband and line components. It is non-parametric since it does not apply an a priori, parameter dependent model of the process that generated the time-series under analysis. In addition, MTM reduces the variances of spectral estimates by using a small set of tapers. Data is pre-multiplied by orthogonal tapers created to minimize the spectral leakage owing to the fi nite length of the time-series. A set of independent approximations of the power spectrum is calculated. Functions identifi ed as discrete prolate spheroidal se- Figure 1 : A multi-taper method (MTM) power spectrum of a time-series of RR fetal beat durations. sMTM is the area beneath the spectrum; yet above the baseline created by broadband noise as the signal becomes chaotic. hsEntropy and hsDFA are derived by applying the standard Shannon Entropy and Detrended Fluctuation Analysis (DFA) functions to the MTM power spectrum. Throughout this study the parameters for MTM are always set at the following: (i) sampling frequency of 1Hz; (ii) time bandwidth for the discrete prolate spheroidal sequences (DPSS) is 3; (iii) FFT length of 256; (iv) Thomson's adaptive nonlinear combination method to combine individual spectral estimates.
quences (DPSS)
27 are a set of functions which optimize the tapers. They are defi ned as eigenvectors of a Rayleigh-Ritz minimization problem 28 . For settings of the MTM power spectrum, see the legend for Figure 1 above.
High Spectral Entropy (hsEntropy):
Spectral entropy 29 is a function of Shannon entropy 13 where the horizontal axis is frequency and the vertical axis is amplitude in the two-dimensional sense. hsEntropy is also a function of the irregularity of amplitude and frequency of the power spectrums peaks. This novel function is however derived by applying Shannon entropy to the MTM power spectrum. This output is measured in arbitrary units. We calculate an intermediate parameter which is the median Shannon entropy of the value obtained from three different power spectra using the MTM power spectra under three test conditions: a perfect sine wave, uniformly distributed random variables, and fi nally the experimental oscillating signal. These values are then normalized mathematically so that the sine wave gives a value of zero, uniformly random variables give unity, and the experimental signal between zero and unity. This fi nal value corresponds to hsEntropy. A further advantage here is that the only information lost in the analysis are the phase differences. Moreover, noise is not problematic as it is not over-emphasized as would be the case if applied in the conventional manner to interpeak temporal separations.
High Spectral Detrended Fluctuation Analysis (hsDFA):
DFA 14, 30 can be applied to datasets where statistics such as mean, variance and autocorrelation vary with time. The difference with the sDFA algorithm is that the DFA is applied to the frequency rather than time on the DOI: http://dx.doi.org/10.7322/jhgd.119258 horizontal axis. Regarding DFA according to Donaldson 31 the time-series of length k was integrated as follows.
The integrated time-series was then divided into equally sized and non overlapping windows of length w. A linear regression line was fi tted through the data in each window and the time-series locally detrended by subtracting the regression line from the data. The root mean square fl uctuation F(w) of the integrated and detrended time-series was then used to calculate values of w.
The scaling exponent obtained as the slope of the straight line fi t to F(w) against w on a log-log plot as:
To obtain hsDFA we calculate the spectral adaptation in exactly the same way as for hsEntropy using a MTM power spectrum with the same settings; but DFA rather than Shannon entropy is the algorithm imposed. hsDFA is subtracted from unity, (1-hsDFA); to make it comparable, as it responds in the opposite manner to increasing chaos to the other parameters.
Spectral Multi-Taper Method (sMTM)
sMTM is founded on the increased intensity of broadband noise in power spectra generated by irregular and chaotic signals. It is an exclusively spectral technique. The main features of MTM are: (1) Effi cient in detecting periodic components; (2) A random signal may generate many false peaks which may or may not be signifi cant; (3) There are two ways of testing the spectrum (red-noise 32 and harmonic tests). We set the parameters for MTM at the same as those for hsEntropy and hsDFA. For the choice of weightings and other details it is advisable to consult Percival and Walden 24 or Thomson 33 . sMTM is the area between the MTM power spectrum and the baseline.
Approximate Entropy
ApEn 10 is a procedure used to assess the level of regularity and the unpredictability of changes over time-series. The creation of ApEn was motivated by the search for a distribution free measure of these fl uctuations. ApEn is not predicated on the underlying distribution of the data as with Shannon Entropy. Instead it relies on sequence recurrences and therefore it is more suitable to shorter length signals. It also makes the use of model estimation invalid removing the liability for false estimation based on poor model selection. It was developed as a tool that could be applied to both correlated random and noisy deterministic processes. Its motivation originates from nonlinear dynamics, complexity theory; especially the entropy being approximated is Kolmogorov-Sinai Entropy 34 . This is generally fi nite for deterministic processes and infi nite for random processes. ApEn is the logarithmic ratio of component wise matching sequences from the signal length, N. Other parameters to be specifi ed include r which we set to 4. The factor m, is the run length of data to be compared; which we set to 2. It is measured as an integer count of discrete time bins. A minimum value of zero for ApEn would indicate a totally predictable series. ApEn is described algorithmically as follows 35 . Given N data points from a time-series {x(n)} = x (1), x(2),..... x(N), one should follow these steps to compute ApEn:
1. Form N -m + 1 vectors X(1), X (2) The advantages of ApEn include a low computer processor demand; due to the fact that it can adapt to small sample lengths. As a consequence, it can be applied online and retrospectively in the clinical situation or in the research laboratory. It is also robust in the presence of signifi cant noise. A disadvantage of the technique is that it is very dependent on the parameters choice. This makes the results from ApEn especially diffi cult to interpret and is therefore only best consulted in combination with other methods, which then helps understand the datasets response. Other methods which are suitable to make comparisons with include SampEn; where the same parameters would be set for tolerance, r and run length, m -discussed above.
Sample Entropy
The ApEn algorithm counts each sequence as matching itself to avoid the occurance of ln(0) in the calculations which introduces bias. SampEn 36-38 aims reduce the bias. A run length m and a tolerance window r, must be specifi ed to compute SampEn. SampEn (m, r, N) is the negative logarithm of the conditional probability that two sequences similar to m points remain similar at the next point, where self-matches are not included in calculating the probability. A lower value of SampEn indicates more self-similarity in the time-series. It is highly independent of dataset length and is more statistically robust than ApEn. The algorithm is simpler and eliminates self matches. The algorithm for SampEn is discussed mathematically It is important to consider ApEn and SampEn together as families of metrics. Comparisions with fi xed m, r, and N. N is the length of the time sequences to be compared whereas r is the tolerance for accepting matches. As with ApEn in this study r we set to 4. The factor m, is the length of sequences compared which we set to a window of 2.
Correlation -Least Squares Method
Once the HRV measures have been calculated using the described algorithms above, they are plotted versus gestational age in weeks. The linear regressions were achieved by the least squares method. From the linear regression the R 2 values, the slopes and the y-intercepts are derived.
RESULTS
The individual linear regressions of fetal HRV measures against gestational age for each method are shown for one typical individual fetus in Figure 2 . The mean 'goodness-of-fi t' (R2) values for each method are compared in Table 1 and Figure 3 . Similarly, the mean values for slope of the linear regressions is provided in Table 2 (Figure 4) and the mean y-intercept for the linear regressions is provided in Table Regarding 'goodness-of-fi t' evaluated by the R2 values for linear regression, ApEn measurement was optimum ( Figure 3 ). The second best was SD, followed by SampEn with the remaining four measurement methods broadly having the same signifi cance. In particular, the chaotic global R2 values are very similar (Figure 3 ). Table 4 examines the lower quartile (25%Q), upper quartile (75%Q) and inter-quartile ranges amongst other derivatives from the R2 data. This illustrates that ApEn has the highest median R² value (0.631) and one of the lowest inter-quartile ranges (Table 4 ). All median values (Table  4) were greater than the pooled datasets (ALL) in Table  1 . Observing the values in Table 2 and Figure 4 for the slopes it is clear to see that the ApEn, SampEn and SD are the only parameters where the slopes are all positive for both the individual fetuses and the whole group combined. The other four measures include at least one negative slope. From Figure 5 and Table 3 on the y-intercepts of the linear regression we can observe that there is considerable variation across measurements but not so much within the measurements.
DISCUSSION
Previous studies by Porta et al 39 and some of us 2, [40] [41] [42] have investigated the relationship between linear analysis of fetal HRV and gestational age. All of these studies illustrated that HRV quantifi ed using various measures is dependent on fetal age. Further investigations have included novel calculations on very short FMCG 43 and, power spectral analysis during periods of active and quite sleep during near and post term gestation. 44 In this present study 'goodness-of-fi t' (R²) indicates how robustly the measures are associated with gestational age. For all measures, the individual R² values are mostly higher than the values calculated over the pooled data. This corresponds to the results of our previous study and confi rms that there is an individual component in the origin of fetal HRV. The R 2 values for hsEntropy, hsDFA, sMTM and Shannon Entropy demonstrated a weak relationship to gestational age. Over all the subjects, on the basis of R², gestational age generally explains less than 40% of the variation found in the individuals' values. For SD, ApEn and SampEn, the explanatory power of gestational age is higher, and based on median R 2 values more than 60% of the variation in the measurements can be explained by gestational age.
Of the measures that show good explanatory power, ApEn appears to have the highest, with generally higher R² values as well as a lower spread of the values, particularly in the upper two quartiles. SampEn performs more consistently than SD, with slightly higher values and a smaller inter-quartile interval. This would suggest that these nonlinear measures are better at characterizing the relationship between individual HRV and gestational age than SD. The former quantify short-term HRV and take the order of the heartbeats into account whereas SD quantifi es overall variance and is completely independent of the order in the data.
Slope quantifi es the amount of change in the measures with respect to a unit of gestational age. The higher the slope, the more the value of the measure will change over time (i.e. gestational age). Table 2 illustrates that for all measures, the individual slopes are mostly higher than the slopes calculated over the pooled data. This suggests that there is an individual component in the origin of fetal HRV which is weakened when data is pooled.
The results here are similar to those for R²: hsEntropy, hsDFA, sMTM and Shannon Entropy have relative low slopes (i.e. the values of these measures do not change much over time) whereas SD, ApEn and SampEn have higher slopes. Combined with the 'goodness-of-fi t' results, this indicates that the latter 3 measures more consistently and clearly quantify the changes over gestational age and would be more useful in characterizing the maturation of the fetuses.
Of the 3 measures with high slopes, ApEn not only has the highest slopes, the values of the individual slopes are very similar: except for one individual (Subject 2), the values of the slopes are practically the same (i.e. the regression lines are almost parallel). The SampEn and SD slopes are somewhat lower and cover very similar ranges. They also vary more than those of ApEn. It seems that, of all the measures examined here, ApEn is the most consistent (R²), the most distinct (slope value) and the most reliable (similarity of slopes between subjects) quantifi er with respect to characterizing the change of HRV during pregnancy.
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The y-intercept gives us the value of the HRV measure at x = 0, which, in the context of pregnancy, means gestational age of zero, i.e. the time of conception. Its value is thus meaningless with respect to fetal HRV. However, if the slopes of several regression lines are the same, i.e. they are parallel, then the spread of the y-intercept values will quantify the distance between the lines. In the context of a fetal HRV measure, they will quantify how far apart the single fetuses are with respect to this measure. So, it only makes sense to look at the intercept if the slope values are very similar.
The slopes of hsEntropy, hsDFA, sMTM and Shannon Entropy are indeed similar; they have lower IQ-ranges than SampEn and SD (See Figure 4) . Of these measures, the only informative one is ApEn (as mentioned previously). So it only really makes sense to take the y-intercept of ApEn into account.
It appears that, for any individual fetus, ApEn may be characterized by its y-intercept as the slope will be more or less be somewhere around 0.026 (based on our data). If one wanted to be less confounded by the slight differences between individual slopes (these differences will be exacerbated the farther you get away from the age range which is sensible), one could substitute the y--intercept value (at x = 0) by a physiologically meaningful value (e.g. at x = 30 weeks gestational age, corresponding to ApEn ~ 0.45).
The newly introduced spectral nonlinear measures did not perform as well as those applied to time-series and RR beat durations, SD, ApEn and SampEn. These power spectra performed well when calculating the values of short time-series and comparing like with like. However, they failed to perform well when comparing their changes over time such as with gestational age. The reason proposed being that the power spectra are not as responsive to change as are time-series signals. The spectral values involved the heavy normalization of data and this reduced their responsiveness to variation. Only if the datasets are very short is the advantage of spectra benefi cial. The important issue is the trade-off between the sensitivity of the parameters over time (gestational age), and the responsiveness to change over time-series. Shannon entropy is a non-spectral technique and appears to be defi cient on both criterions.
Usually, changes in the HRV patterns are an indicator of health status. Higher HRV is generally a signal of good adaptation and characterize a healthy person with effi cient autonomic mechanisms. On the other hand, lower HRV is frequently an indicator of insuffi cient ability of the autonomic nervous system to adapt to physiological or pathological challenges.
It is widely accepted that the complexity of the fetus HRV increases as the pregnancy progresses. Here most fetuses were examined for a period of at least 20 weeks, and the median time between data acquisitions was 1 week. Nevertheless, for the pooled dataset with all fetuses the strength of the relationship between measure and age was reduced, thus suggesting that the course of HRV is more consistent within individual fetuses over gestational age. In the cases where the slopes are all positive then we can deduce that the complexity of fetal HRV increases with gestational age. This is not the case for the four parameters which have a mixture of positive and negative slopes. The y-intercept is important because it informs us of the level of each complexity measurement. Across all measurements there is considerable variability (inter--individual), but within the values (intra-individual) there is not so much fl uctuation.
The explanatory powers of the models we applied differed substantially between the seven fetal HRV measures studied. From the previous study ApEn and SD had the highest 'goodness-of-fi t' values. SD which largely relates to overall variance contained in each time-series is the second best with the HRV of some individuals captured poorly by the model and that of other individuals favourably. Statistically, it is clear that many of the other complexity measures based on spectral nonlinear dynamics are unable to exceed the signifi cance of ApEn. Although between ApEn and SampEn there is no signifi cant difference. Nevertheless, as mentioned in Correlation -Least Squares Method section reduced SampEn indicates greater self--similarity than similar values for ApEn.
It is also important to consider why the chaotic global values perform so badly and unable to outperform ApEn, SampEn and SD. We suggest that the basis for this is that they are focussed on power spectra alone. It is unlikely to be due to noise or the length of the datasets since they were specifi cally designed to overcome these potential pitfalls. They have been proven on many situations such as diabetes, 16 childhood obesity 23 and Chronic Obstructive Pulmonary Disease. 17 There are numerous other techniques which could be employed such as fractal analysis, 45 a few other entropies such as Renyi 20 and Tsallis 37 amongst others. A further limitation of this study is that there is a relatively small number of subjects in the dataset. Additionally, there is an uneven distribution of measurements both with respect to gestational age and the number of acquisitions per subject. Correspondingly with regards to the chaotic global parameters, 12 they are only presented as single entities whereas in other studies 11, 46, 47 there have been seven different permutations of the three chaotic global techniques which we refer to as chaos forward parameters (CFP1 to CFP7).
As the result of the study was negative it is difficult to propose any clinical benefi t except that it reinforces the use of ApEn and SampEn as techniques to be applied in such situations. Nonetheless, fetal HRV generally, has been almost invariably been justifi ed by potential clinical use. This is covered extensively in the papers by Hoyer et al 4, 48, 49 .
In conclusion ApEn remains the optimum measure of complexity for those examined here during these situa¬tions of fetal development. The next best are SampEn and SD. Nevertheless, the three "chaotic global" spectrally adapted parameters have higher statistical signifi cance than the Shannon Entropy. It is proposed that there is a trade-off between responsiveness to short time--series where the spectrally derived parameters excel with the responsiveness over time (gestational age) where the ApEn and SampEn perform best because there is less normalization and more fl uctuation during the time-series as-
